The objective of this research is to investigate the relationship between hazard ratio or survival function of graduate employability and 8 explanatory variables. The 8 explanatory variables are as follows: gender, CGPA, geographic region, English language proficiency, area of study, curriculum satisfaction, carrier guidance services satisfaction and monthly family income. In order to study a survival function of graduate employability, we have developed a sequence of binary numbers (employed (1) or unemployed (0)) at a particular time of being employed among first degree graduate students (N=2228). The data is based on a survival study data, which traces the survival function of graduate students within 12 months of window opportunity. We have used the complementary loglog model in various forms. For the simple complementary log-log link model, the results showed that the hazard risk with baseline hazard ratio relate to graduates' gender, CGPA, satisfaction with career guidance, the geographic region from which they came from, their English performance, their area of study and their family income. As for subject-specific (random effects), the hazard ratio also relates to the abovementioned variables.
Introduction
Amongst the common questions posed by the Malaysian public are: How long does it take for Malaysian first-degree graduates to become employed after graduation? Why are a number of welleducated Malaysian graduates unemployed? In order to answer these questions, every year the Malaysian Ministry of Higher Education (Kementerian Pendidikan Tinggi) conducts an employability survey among first-degree graduates from all Malaysian public universities (IPTA). In the survey, a series of questions are asked about the duration and factors that have contributed to their employment.
In the context of our research, unemployment refers to the duration or the amount of time that an individual remains unemployed. Clearly, the response of interest is the duration of time that has passed between the time the respondents completed their studies and the time they manage to become employed. The survey dataset comprises of graduate students whose status of employment are observed from their day of graduation for up to 12 months afterwards from one public university in Klang Valley, Kuala Lumpur, Malaysia. Analysis of this kind of survey dataset requires the use of a good statistical method or model. A rather crude way to model the employability data is to use the logistic model, as demonstrated in a study by Nafi & Ghani (2011) or by using just descriptive statistics as shown in a study by Ayiesah et. al (2010) . If we were to use the above method, we would certainly end up losing a lot of information. The loss of crucial information in statistical modeling is highly regrettable. A good statistical model should handle the data on duration models, which can take into account time to event data. In other words, a good statistical model should provide information about the amount of time or transition period from unemployment to employment. In literature concerning unemployment duration time, findings on the relationship between the duration of unemployment and one or more explanatory variables is of the most interest.
Basically, our graduate employability data addresses two important questions: The first is how do the former students manage to get their jobs after they graduate? The second question is what are the factors that are related to their employability? There have been efforts to find or to predict the relationship between employability and several factors, such as gender, CGPA, area of study, job preferences, job position, foreign language proficiency and international experience (Nafi & Ghani, 2011; Bryla, 2015) . Furthermore, Ayiesah, Roslizawati, & Maslyn (2010) conducted a study on the employees perception of employability skills among physiotherapy graduates by using the survey method. They found that critical thinking ability, ability to generate hypotheses and linking ideas by applying theory into practice, sharp analytical skills, prioritizing of problems, keeping up-to-date on latest information regarding their professions, and giving clear explanation about problems and treatments are essential skills for employment. On the other hand, Shaharuddin, et. al. (2014) conducted a study on the marketability of UKM graduates, among 273 second-year students using the survey method. They found that academic and social soft skills are the two skills that are required by our graduates. In addition, Stojanova, & Blaskova, (2014) explored the graduates' chances of success in the labour market after finishing their chosen field of study. Their study proved that the best employment opportunities opened to students of technical disciplines. -Machi, Carrion, Yepes, & Pellicer (2013) identified students' perceptions of training gaps that affect their employability. Around 38 and 44 students had enrolled in PMaCE (September 2010 and September 2011) from the third-and fourth-year classes, respectively, and participated in this study. The results indicate that the training gaps that affect the employability are unwillingness to move to another country, their lack of knowledge of a foreign language and communication skills, their preferences for only well-paid and comfortable jobs, economic policy, training gaps, labour market structure, graduate surplus, and setbacks related to business. Sarfraz, Rajendran, Hewege, & Mohan (2018) conducted a systematic review on employability skills in 43 studies across 17 countries. The results indicated that the skills can be classified into 10 different skill sets. The skills included interpersonal and collaborative skills, relationship management skills, cognitive problem solving skills, productive self-management skills, creative and innovative skills, new technology adaptation skills, personal attributes and individual differences, lifelong learning skills, leadership skills and global citizenship skills.
Torres

Focus of Present Study
The main aim of the present study is to bridge the gap between a substantive theory of employability among graduate students and new developments in statistical modeling. The simple logistic model could be carried out in order to address questions on the relationship between getting employed (response variable) and several factors such as CGPA (exploratory variables). However, the employability data refers to the amount of time that an individual remains unemployed. Studies on transition underwent by graduates from unemployment to employment is important because it can be used to evaluate policies and recommend ways to facilitate these transitions (Ganjali & Baghfalaki, 2012) . The times can be assumed as discrete times and then viewed as a series of events over consecutive time periods (i=1, 2,.., T) which can be represented by a binary sequence. This binary sequence is the standard way to estimate discrete time duration models by which we form panel binary data. This sequence can be modeled by binary choice random effect model, with a complementary log-log link. However, it would be easier if we follow the multilevel or hierarchical model framework.
It is important to note that employability dataset typically observed a spell or event over a sequence of interval such as months before the students finally obtain employment. For this kind of data, the more appropriate way to handle the dataset is to assume a discrete time to event. Therefore, the data modeling here concerns analyzing the duration of employment from the start of a spell of unemployment until the start of work among graduate students of 2010. Following Berridge & Crouchley, (2011) , suppose we have binary indicators for individual j, which takes the value 1 if the spell ends in a particular interval i and 0 otherwise. Then individual j's duration can be viewed as a series of binary outcomes (i=1,2,..,). As a result, we only observe a single spell for each subject and this would be a sequence of 0s which would end with a 1, if the spell, is complete and 0, if it is right censored. The probability that Yij =1 for individual j at interval i, given that Yij= 0, ∀i' < i is given by Pr(Yij = 1|θij) = 1-F(θij) = μij.
(1) Here we can propose using complementary log-log link. This link function is more preferable (Ntzoufras, 2009; Congdon, 2010) as it gives, μij = 1-exp [-exp(θij) ].
(2) The random intercept in the linear predictor takes the form of θij =β0j + ∑p βpj Xpij + Ki.
( 3) Here the Ki are interval-specific constants and the Xpij are explanatory variables with complementary log-log link. The challenges to estimate the above model are the likelihood function needed to integrate. The integration becomes analytically intractable, unless for normal distribution cases and necessitates the use of numerical integration techniques. The most famous numerical method is an adaptive-quadrature method. This method was implemented in most software, such as NLME routine in SAS, GLLAMM routine in STATA and lme4 routine in R.
Theoretical Framework and Hypotheses
By exploring all previous studies, we can conclude that our six factors propose models (area of study, backgrounds, languages, academic performances, and industrial training soft skills) were given significant attention by previous researchers. From all previous articles, soft skills was determined as the most crucial factor that is related to graduates' employability while industrial training and area of study were considered as less crucial factors. All these previous studies on employability were really helpful and beneficial to our study since they not only provided us with a handful of information related to graduates' employability but also a useful guidance to our proposed model as well (Rao & Jani, 2012) ; Nafi & Ghani, 2011; Zaliza & Safarin,2011) .
Research Method
The secondary data for this study was obtained from tracer studies (online survey) conducted by the Ministry of Higher Education Malaysia (MOHE) at all Malaysia public universities. The questionnaires were posted online a month prior to the convocation ceremony every year which is normally held in October. For this research, we had used data from a tracer study conducted at one of the universities in Klang Valley from year 2010. The respondents of this study were first-degree graduates' students from various areas of study. The objective of the trace study is to collect the graduate's opinion on their universities' programs, infrastructure and services that are provided over the course of their study, and how they enter and face the challenges of working life. Further information can be obtained from MOHE. MOHE tracer study questionnaire comprises seven different sections that are aimed at obtaining information related to the graduates, namely, a) background information, b) evaluation of program and services offered by institution, c) effectiveness of study program and selfreadiness,) further studies, e) current status, f) employment, and g) unemployed and others. In our study, we are only interested on the part of employment or unemployment status of graduate students.
At year 2010 data, 2341 graduate students were recruited to fill-in the questionnaire online. The respondents submitted their online questionnaires before their convocation ceremony. Participant consists of 756 male and 1588 female graduate students. We also consider only eight explanatory variables, namely; 1) gender, 2) CGPA, 3) geographic region, 4) English language proficiency`1, 5) area of study, 6) curriculum satisfaction, 7) carrier guidance services satisfaction, and 8) monthly family income. Missing process is assumed to be missing at random taxonomy (Little & Rubin, 2002) .
Furthermore, we treat missing data in exploratory variables as dropout and we used list-wise deletion method to analyse our survival model data. The list wise deletion is accomplished by deleting from the sample any observations that are missing data. 
Data Exploration
Before we start the modelling process, let us explore the data using an exploratory analysis. We have divided the exploratory analysis into two parts: In this section, we explore the correlation matrices for all proposed continuous exploratory variables. This would allow us to explore the extent to which the continuous explanatory variables are related to each other. This is because if there is a strong correlation among explanatory variables, the problem of multicollinearity would occur. The second part comprises techniques to visualize pattern in data, which allows us to uncover patterns that are unexpected and to discover some new clues. We employed Kaplan-Meier (KM) or product limit method to estimate survival functions of getting a first job. However, by using plot of KM, it would be difficult to determine whether two or more survival function curves are identical or different. In our research, we had used log-rank test (non-parametric test based on chi-square distribution (χ 2 )) to compare whether there are any significant differences between two or more survival function curves (Kalbfleisch & Prentice, 2002) . The null hypothesis being tested is that there is no overall difference between the two survival function curves. Under this condition, the null hypothesis being tested is that all survival curves are the same. We plot five estimates of survival function curve against duration to get employed in month. Table 2 show the correlation between all continuous explanatory variables. Results shows that some of correlations appear to highly correlate with one other. According to Menard (1995) high levels of collinearity corresponds to high correlation coefficients among the explanatory variables. In order to prevent the problem of multicollinearity, we have to drop teaching and facilities variables from our analysis.
In figure 1 , we plot five estimates of survival function curve against duration to get employed in months. Each plot produces individual survival function curve of remaining unemployed in the unit of months. The first plot is the survival function for gender and this is followed by a survival function for geographical region. The third plot is survival function for English language proficiency, followed by survival function for area of study. The last survival function is for monthly family income. For plot one, the Kaplan-Meier survival probability (not get employed) estimates at 12 months were around 0.23 for males and 0.40 for females. The plot also indicates that female respondents appear to enter the job market at a much later time compared to male respondents. We tested the significant difference between the genders using the log rank test and the results showed a significant difference in survival times between the genders (χ 2 (1)=13.41, p≤.05). 
Variables
Figure 1: Kaplan-Meier Survivor Functions Estimates for Five Explanatory Variables (Categories variables)
For the plot two, the KM survival probability (not get employed) estimates at 12 months were about .23 for West Coast of Malaysia subjects, .40 for East Coast of Malaysia subjects and 0.48 for Sabah and Sarawak subjects. The survival function for West Coast subjects appears to decline faster than the East Coast and Sabah and Sarawak subjects. It is clear that the Sabah and Sarawak subjects appear to enter the job market at the latest time. The statistical results of the log rank test showed a significant difference in survival times between the geographic regions (χ 2 (2)=26.39, p≤.05).
For the third plot, the KM survival probability (not get employed) estimates at 12 months were around .30 among excellent English proficiency, while .38 for poor (failed) English proficiency, .40 for good English proficiency and .41 for satisfactory English proficiency. The results indicated that among the satisfactory English proficiency group appear to to enter the job market at a later time. The statistical results of the log rank test showed a significant difference in survival times between English performance (χ 2 (3)=13.17, p≤.05).
For the fourth plot, the KM survival probability (not get employed) estimates at 12 months were around .19 for respondents specializing in information technology subjects, while .30 for respondents specializing in science subjects, .38 for respondents specializing in art and social science subjects and .40 for respondents specializing in technical subjects. The results indicated that respondents specializing in the technical subjects appear to enter the job market at the latest time. The statistical results of the log rank test showed a significant difference in survival times between the respondents' English language proficiency (χ 2 (3)=16.73, p≤.05).
For the last plot, the KM survival probability (not get employed) estimates at 12 months were around .24 for respondents with high family income, .30 and .40 for respondents with moderate and low family income. The survival function for the low family income appears to decline slower then those for the other two groups of subjects, which appear broadly similar. The results indicated that the low family income subject appears to enter the job market at the latest time. The statistical results of the log rank test showed a significant difference in survival times between family income group among subjects (χ 2 (2)=23.44, p≤.05).
Results for the Discrete time to event data: Subject-Specific Proportional Hazards Model.
In this subsection, we present likelihood-based estimation procedures that are parametric model for random intercepts and hazards ratio for parametric model as shown in Table 3 . The deviances, likelihood ratio test are also reported in the same table, where we have used the level-two subjects (observations) for N (14359) and the number of estimated parameters for d. Furthermore, the number of subjects who took part in this research is 2341 (year 2010 dataset).
The interpretation of odd ratio in complementary log-log model is not straightforward like in the logit link model. In fact, the CLL link is direct on a proportional hazards function. It is discrete time to event version of proportional hazards model. The complementary log-log link function does not model in term of log odds, like the logit and probit link do (Kalbfleisch & Prentice, 2002) . Furthermore, it is important to note -time that the model to predict is the probability of an event, not the absence of the event. The CLL function is not symmetric (asymmetric) around π =.5, since the CLL function approaches zero much slower than it approaches one. Let Yij =1 if level-2 unit, jth succeeds on getting a job or a risk of getting a job on the ith occasions (i=0,...,1,2), and Yij = 0 otherwise. The following random effects (mixed effects) complementary loglog regression model for Yij was fitted to the data: log (-log (1-πmonth)) = β0 + β1gender: femaleij +β2CGPAij + β3curriculum + β4career guidanceij + β5region2ij + β6region3ij + β7English2ij+β8English3ij+β9English4ij+β8area2ij+β9area3ij+β10area4ij+β11Income2ij+β12Incomeij+ϛj. Maximum Likelihood Estimates (MLE) for the random intercept model using 12-point adaptive quadrature are given in Table 3 . If we do not assume unobserved heterogeneity (random effect), the gender and the CGPA would be erroneously assessed to be not statistically significant (Proportional Hazards Model for discrete time event). The deviance are 25,025.38 with the degree of freedom at 26. The estimated coefficients on the duration interval dummies (time 0 to time 11) tell us about the shape of the baseline hazard. Less negative values are associated with higher hazards ratio. Our model indicate that the baseline hazards ratio increases through time in a non-monotonous fashion. The results clearly showed that the increases follow a seasonal pattern. However, it is beyond this research to explore the seasonal effect of baseline hazard ratio. The survival risk or hazards ratio of getting a job is related to gender (male: exp(0.138) = 1.148), the curriculum (exp(-0.022) = 0.978 (borderline significant), the career (exp(0.042) = 1.043, the region (West Coast exp(0.608) = 1.837, the English (Good exp(-0.189) = 0.828, satisfactory exp (-0.168) = 0.846, failure exp(1.017) = 2.762, the area of study (science exp(-1.38) = 0.251, technical exp(-0.237) = 0.78 , ICT exp(0.654) =1.923, and family income(medium exp (0.356) = 1.427, high exp (0.208) = 1.231. The random intercept variance is estimated as σ 2 = 9.314, which is significantly different from zero. Alternatively, we can interpret σ 2 by appealing to the notion of a latent variable distribution of proportional hazard. Moreover, the scale parameter estimate of the random intercept is 3.052 (standard error = 0.134). It is significantly different from zero and indicates considerable residual heterogeneity. It is clear that the unobserved heterogeneity should not be ignored. Moreover, the ρ indicate the proportion of the total variance contributed by the subject level variance component. The significant of ρ in our model suggested that the subject level variance component is very important. Moreover, it clearly stated that our random effect model is significantly better then the fixed effect model (pooled estimator Complementary log-log). The estimated variance clearly showed that the variance parameter and standard error are well-behaved and there is no evidence of a high standard error for this estimate. A test of the random effects with the 12 explanatory variables of the parametric models against fixed effects models is statistically significant, χ 2 (1,N=2228) = 545.76, p≤.0001. 
Substantive Discussion
In the psychological literature review, we raised the issue about the risk factor of getting a job among graduate students. Generally, for the MLE method, our best fit model is the parametric random effect model which consists of variables concerning gender, curriculum, career, region, English (Good and satisfactory groups), area (sciences and ICT) and family income. The present study thus provides strong evidence that male subjects are more likely to get a job compared to female students. In fact, the gender factor is the most robust explanatory variable in our study, because the gender factor is statistically significant in all our models. This study does not seem to fully support findings by previous research that mentioned the insignificant relationship between the time taken to secure employment and the respondents' gender (Rao & Jani, 2012) .
In our study, the results showed that the respondents who came from families with high and median monthly incomes were highly likely to enter the labor market sooner compared to students who come from families with low monthly income. These findings were consistent with findings by Nafi & Ghani (2011) which indicate family income as a significant predictor of graduate employment. It could be the case that students who come from families with high and median monthly incomes might be exposed to more materials resources, supports and job opportunities that are provided by their parents or other family members. In contrast, students who come from families with low monthly income may have limited resources.
The present study also provides strong evidence that geographical region is a significant factor to determine the risk of survival function in our graduate employability. The result from all the models showed that the graduate students who originated from West Coast of Malaysia and East Coast of Malaysia were more likely to enter the job market sooner than those who had graduated from Sabah and Sarawak. One possible cause for this is that most of the major cities in Malaysia, such as Kuala Lumpur, Putrajaya, Penang, Shah Alam and Johore Baharu, are located in West Coast of Malaysia. Hence, more job opportunities and job resources are available in this region than in the other two regions.
Our model also showed that the curriculum and carrier guidance services explanatory variables are significant factors in determining the risk of survival function in our graduate employability. Although the curriculum and carrier explanatory variables are not robust enough to be the significant explanatory variables in all of the models, these are significant in most of the models. The significance of the curriculum and the carrier guidance services explanatory variables indicate that students are concerned with the quality of our education. The quality of education is an important factor and has been highlighted as a lead factor for the problem of unemployablity amongst Malaysian graduates (Zaliza & Safarin, 2011) .
As far as English is concerned, the MLE parameters estimate are as follows. We fixed the excellent groups as reference group, the English performance is highly significantly different between the good, the satisfactory and the failed groups. However, the failed group is 2.762 times more likely to enter the job market earlier, compared to the excellent group students. It can be argued that English proficiency is important in getting employed, as highlighted by many researchers (Nora et al., 2012; Krish et al., 2012; Noor, 2011) . However, this research indicates a mixed result between the respondents' levels of English proficiency. On one hand, it seems to support the theory of the importance of acquiring a high level of English proficiency as mentioned by previous studies, but on the other hand, it seems to challenge this assumption. It is important to note that our findings seem to suggest two theories regarding English proficiency, the first theory is the importance of English language that is true among students generally. The second theory is the insignificant role that English proficiency has among the failed group. It is important to note that, our second theory seem to support the previous finding that language skills (including English) are not emphasized by most organizations (Shaharuddin et al., 2014) . Our current position state that both results are true in our study because we not to discriminate or control between respondents who are employed and those who are underemployed. It could be that the group with the lowest level of English proficiency just took on any available job in the labour market, without caring about the low wages. The question that remains unanswered is how English proficiency influences employability among graduate students, not the survival risk of employed (or unemployed) graduate students.
The employability dataset is very complex and huge, therefore, we need a subject matter expert or psychologist who can help us clean the dataset. Before we can model the data, it is better for us to clean the data and to make sense of it from a theoretical or psychological perspective. Cleaning the employability dataset requires a lot of effort and time. From the literature review we found that soft skills and communication skills are very crucial for employment (Mohamad Sattar et al., 2013) . However, in our model we did not include either soft or communication skills as explanatory variables because we are not able to clean the variables properly. Moreover, it is worth noting that the communication between the researcher, the data collector (MOHE) and the psychologist are important in order to manage, clean and make sense of the dataset. For future research, we would like to suggest possible collaborations between the stake holders of these data and the statistician in order to disentangle the issue of graduate employability once and for all.
